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Abstract 
Photoluminescence (PL) imaging is a promising measuring technique to rate the quality of multi-crystalline silicon 
wafers. Defect structures which form during crystallization can be observed in the PL-images. In recent approaches, 
image features are measured and correlated to global solar cell parameters. So far, an underlying physical effect has 
not been connected to the large variety of observed PL-image patterns. Next to global solar cell parameters, also 
spatially resolved solar cell parameters like the dark saturation current density can be measured to rate wafer quality. 
It is shown that these spatially resolved measurements strongly correlate to the global open circuit voltage. Based on 
the observation that special patterns within the as-cut PL-images correlate with regions of high and low dark 
saturation current, a method for the modelling of physically relevant image features in PL-images is introduced in this 
work. The modelling framework is based on the transfer of spatially resolved quality data of the dark saturation 
current onto prototypical patterns within the PL-images of as-cut wafers by means of pattern recognition techniques. 
We evaluate our approach by predicting the images of the local dark-saturation current of the finished cells based on 
PL-images of as-cut wafers. 
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1. Introduction 
The quality of multi-crystalline silicon (mc-Si) wafer material depends on the feedstock and the 
crystallization process. Impurities are introduced by the feedstock itself or by in-diffusion from the 
crucible. Moreover, grain boundaries and dislocations form during crystal growth and may affect the solar 
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cell efficiency as well. Many of these quality features appear in PL-images of as-cut wafers [1] and have a 
significant influence on cell performance [2, 3]. Various defect structures and combinations can be 
observed within the PL-images, which form complex patterns. In this work, we investigate the effect of 
these local patterns within the PL images on cell performance. Therefore, the spatially resolved local dark 
saturation current density, which may be determined by means of the C-DCR technique from a series of 
PL-images at the finished cell [4, 5], is compared to the PL-signatures in the as-cut wafer. Coherence 
between patterns in PL-images and regions of high and low dark-saturation current is observed, e.g., 
regions with a high density of dislocations show an increased local dark saturation current as can be seen 
from the PL-images in Fig.1. In a first step, we experimentally investigate the significance of the image of 
local dark saturation current with respect to the global open-circuit voltage (Voc). In a second step, we 
introduce a modelling framework to predict the local dark saturation current based on PL-images of as-cut 
mc-Si wafers and evaluate our approach experimentally.  
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Fig. 1. (a) Correlation of the open circuit voltage measured from the IV-characteristics and the open circuit voltage calculated 
according to Eq. (1) from the local dark saturation current data from C-DCR measurements.  PL-images of as-cut wafers (156 mm 
x 156 mm) of the best (b) and the worst (c) solar cell and (d, e) the associated local dark saturation current images j0 measured at 
the finished solar cell by means of the C-DCR technique. PL-images are indicated in counts per second and j0-images in pA/cm2   
 
2. Diode quality and open-circuit voltage 
The image of the local dark saturation current density j0(x,y) can be used as a spatially resolved quality 
measure. Under the assumption of a constant Voc at all positions in the solar cell the global dark saturation 
current density J01 can be substituted by the mean of the local dark saturation current densities j0(x,y). 
Under open circuit conditions the relation between j0(x,y) and Voc is given by: 
 
,     (1) 
 
with the short circuit current density Jsc, the thermal voltage VT and the number of pixels A. The 
correlation in (Eq.1) between the measured Voc and the local dark saturation current density is validated 
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experimentally on 16 wafers. The wafers were selected from blocks of two different suppliers from three 
different bricks within each block and varying brick position, which ensures a wide spread of wafer 
qualities. The wafers were processed to solar cells using an industrial screen-print-based solar cell 
process. The PL- and current-voltage (IV)-measurements on all samples were performed at similar 
temperatures around 25°C. The thermal voltage VT is calculated at 25°C. The measured and calculated Voc 
values are plotted against each other in Fig.1 and show the linear correlation expected from Eq. (1). 
However, the estimated Voc values are about 5 mV higher than the measured Voc values. This offset may 
arise from a temperature error or from higher j0 values underneath the metal grid, which are not accessible 
in the PL images and thus not considered in the calculation. Nevertheless, the high correlation coefficient 
of 0.98 found for the Voc and the good correlations of the features observed in PL-images in the as-cut 
state and in the j0 images at the finished cell, as shown in Fig. 1, confirm our approach. 
 
3. Modelling of relevant features 
The key element of this work is the modelling of physically relevant defect patterns in PL images. 
Therefore, semi-supervised learning techniques are applied [6]. In a first step, image features (e.g. 
dislocation clusters, local PL-intensities) are extracted. These feature combinations are modeled within an 
unsupervised learning step to form patterns. The resulting model vectors represent typical structures, 
which appear in the as-cut PL-images. In a second step, a physical relevance is referred to each model 
vector which is gained from the corresponding spatially resolved dark saturation current data of a set of 
training wafers/cells: each image pixel can be mapped on the best matching model vector, which 
describes the pattern of the surrounding image patch best. Based on the well-known correlation between 
the image pixel and the corresponding dark saturation current a physical relevance can be assigned to the 
best matching model vector. In a third step, the quality of the model is evaluated, by predicting for a 
disjoint set of test wafers the dark saturation current topographies based on the PL-images of the as-cut 
wafers and by comparing the results to the measured dark saturation current topographies which are 
obtained after solar cell processing.  
3.1. Image features 
In the first step, local image features are extracted, to describe the structure of each image region. One 
basic feature is the doping-normalized PL-signal. It contains important physical information since it is 
proportional to carrier lifetime [2]. Especially regions of reduced bulk lifetime due to strong impurity 
contaminations at the wafer edge show a reduced luminescence signal. The regional intensity information 
can be computed by averaging the signal within the surrounding patch with a Gaussian. 
Other basic features are dislocations and grain boundaries which are frequently observed defects in 
mc-Si wafers. They appear as line-like structures within the PL-images. As shown by Haunschild et al. 
[2], they correlate negatively with the open circuit voltage of the corresponding solar cells. Due to strong 
intensity variations within a PL-image, e.g. in contaminated regions at wafers which come from the edge, 
bottom or top of the crucible, a contrast-invariant edge detector is preferred [6].  As can be observed in 
the j0(x,y) images from C-DCR, regions with a high fraction of crystal defects frequently show an 
increased local dark saturation current density. We address these phenomena by analyzing the structure of 
the image regions. Local structure or frequency information can be accessed by filtering the image with 
Gabor filters, which help to describe more complex structures of an image region. 
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3.2. Modelling and prediction 
After feature extraction, each image region surrounding a pixel at position (x,y) is described by a 
feature vector u(x,y). Within an unsupervised learning step, prototypical feature combinations are 
modelled [7]. The resulting model vectors ωi contain a set of feature combinations with a high relevance 
according to their appearance in the images. To assign a physical relevance to each model vector, six 
classes ck with k  {1, .. , 6} of dark saturation current density are defined, ranging from 1.0-2.5 pA/cm2. 
Based on a similarity measure each feature vector u(x,y) is mapped onto the best matching model vector 
ωi. Due to the well-known combination of image features and dark saturation current density, the 
probability of a class of j0-values ck can be estimated for each ωi. Within the prediction step the feature 
vectors u(x,y) are extracted from the PL-image I(x,y) of the as-cut wafer. Next, the best matching model 
vector ωi is determined. Its most probable j0-class is associated with the image region at position (x,y). 
 
4. Experimental 
4.1. Experimental setup 
Within our experimental setup, 55 wafers from 6 bricks coming from two blocks from different 
manufacturers and different positions within the block were analyzed. The wafers were selected from 
varying brick positions with a mean difference in brick position of 63 wafers. As incoming-control, the 
as-cut wafers were investigated by applying PL-imaging [2] and inductive resistivity measurements [8]. 
The wafers were processed to conventional, screen printed solar-cells with aluminum back surface field 
within an industrial environment. After cell-production the local dark saturation current was determined 
from a series of PL-images at different voltages according to the C-DCR technique [4, 5]. The images 
were analyzed as explained in section 0. A set of prototypical patterns is modeled according to the 
appearance in the PL-images of ten different training wafers that were randomly chosen from five 
different bricks. Based on the correlation of these patterns with the related values of the dark saturation 
current, the model is trained to predict the outcome of the dark saturation current density image.  
4.2. Results 
A quality measure of the approach is the mean absolute error (MAE) which is gained from the absolute 
deviations between the measured and predicted j0(x,y) images in each pixel by calculating the average 
value over the total wafer area. Our approach yields j0(x,y) predictions with mean absolute errors (MAE) 
from 0.14-0.49 pA/cm2 for the test wafers which were not included in the modelling procedure. The 
overall average of MAEs (relative MAEs) for all 45 test samples accounts to 0.27 pA/cm2 (19.2 %). The 
median of MAEs is 0.23 pA/cm2. The prediction results of the local dark saturation current density are 
visualized in Fig 2 for three different wafers with varying prediction quality. Wafers coming from an 
“unknown” brick yield MAEs between 0.21-0.42 pA/cm2 (relative 14.9-29.9 %) and an overall mean 
error of 0.34 pA/cm2 (relative 24.1 %), which is an excellent result if it is taken into account that the 
training set of wafers did not contain any wafers from this brick. 
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Fig. 2. (Upper row) (a) PL-image of an as-cut wafer from the top area of an edge brick, (c) the corresponding local dark saturation 
current image measured by means of the C-DCR technique and (b) predicted by the modeling procedure developed here with a 
MAE of 0.19 pA/cm2. All j0-images are equally scaled (units given in A/cm2). PL-images are indicated in counts per second. 
(Middle row) Same sequence (d, e, f) for a wafer from an edge brick not included in the training set with an MAE of 0.36 pA/cm2. 
(Lower row) Same sequence (g, h, i) for a wafer from the bottom region of an edge brick with a high MAE of 0.42 pA/cm2  
4.3. Discussion 
An example wafer with the most frequent MAE is shown in Fig. 2 (top row). Especially in regions with 
dense clusters of dislocations the prediction result accurately indicates the expected dark saturation 
current density. Also homogeneous regions are rated correctly. The prediction slightly overestimates the 
quality of regions near dislocations, which can be caused by the blurring in the C-DCR images. The result 
of a wafer originating from a brick not included in the test set is shown in the second row of Fig. 2. 
Despite the high contrast variations in the PL-image of the as-cut wafer, a reduced wafer quality is 
correctly predicted at the edge of the wafer, as well as within regions of high dislocations. Nevertheless, 
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some regions in the as-cut image with less inhomogeneity unexpectedly emerge to regions of reduced 
quality. A wafer with a high prediction error is shown in the bottom row. Especially within homogenous 
regions of the as-cut wafer the prediction fails. Similar errors are observed in a set of ten wafers with a 
resistivity below 1.34 Ωcm, which are not represented in the set of training wafers.  
The prediction results are influenced by the blurring of the j0-images and errors within the alignment of 
the image pairs. Also the cell process, e.g. acidic texturing, affects the impact and appearance of defects 
at PL-images of the solar cell. The presented model yields good prediction results, considering the small 
set of training wafers compared to the diversity of test wafers. Especially the good rating of contaminated 
regions and dislocation clusters within wafers from an “unknown” test brick motivates further 
investigations. 
5. Conclusion 
We introduced an algorithm to rate the features of as-cut wafers based on spatially resolved quality data. 
Due to strong correlation of the image of local dark saturation current density j0 to the open-circuit 
voltage, the j0–images appear appropriate to interpret structures in PL-images of as-cut wafers. Our 
approach is based on an unsupervised learning of typical structures. Based on empirical data, quality 
information is assigned to the resulting prototypes. The model yields good results for the prediction of the 
local dark saturation current density j0. Errors arise from the blurring within the measured j0-images and 
small deviations within the alignment of the images. Further physical measurements can be added to 
improve the presented schema. More data have to be analyzed to optimize the model parameters and 
further reduce the prediction error. 
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